Background: Osteoporotic hip fractures with a significant morbidity and excess mortality among the elderly have imposed huge health and economic burdens on societies worldwide. In this age-and sex-matched case control study, we examined the risk factors of hip fractures and assessed the fracture risk by conditional logistic regression (CLR) and ensemble artificial neural network (ANN). The performances of these two classifiers were compared. Methods: The study population consisted of 217 pairs (149 women and 68 men) of fractures and controls with an age older than 60 years. All the participants were interviewed with the same standardized questionnaire including questions on 66 risk factors in 12 categories. Univariate CLR analysis was initially conducted to examine the unadjusted odds ratio of all potential risk factors. The significant risk factors were then tested by multivariate analyses. For fracture risk assessment, the participants were randomly divided into modeling and testing datasets for 10-fold cross validation analyses. The predicting models built by CLR and ANN in modeling datasets were applied to testing datasets for generalization study. The performances, including discrimination and calibration, were compared with non-parametric Wilcoxon tests.
Background
With increased human life expectancy, osteoporosis has become more prevalent and may lead to disastrous fractures at most skeletal sites. Among them, hip fractures are of particular concern because they are associated with a significant morbidity (functional recovery being limited to less than 50% [1] ) and excess mortality (up to 18-33% in the first year and persisting for at least 5 years afterwards [2] ). The number of hip fractures worldwide is projected to hit 2.6 million by 2025 and may rise to 4.5 million by 2050, imposing huge health and economic burdens upon societies as a whole [3] . For developing strategies to prevent this serious injury, it is of crucial importance to better understand its risk factors and identify the patients at risk. Although many potential risk factors contributing to hip fracture have been identified, such as low bone mineral density (BMD), old age, female gender, chronic health conditions, experience of fracture and falls, physical inactivity, heavy smoking and drinking, impaired vision, use of certain medicines, low calcium and vitamin intake, low body mass index (BMI), low muscle strength, etc. [4, 5] , these risk factors may vary geographically, ethnically, and culturally, and their combined effects have not been well understood [6] . We have several kinds of method to create the risk factor models for hip fracture evaluation, and conditional logistic regression (CLR) and artificial neural network (ANN) are popular among them.
The ANN, simulating high-level human brain functions, is a computational modeling tool that has become widely accepted for modeling complex real-world problems [7] . Although it has been explored in many areas of medicine, such as nephrology, microbiology, radiology, neurology, cardiology, etc. [8] , its use in the orthopedic trauma field is still rare. Eller-Vainicher et al. identified the promising role of ANN in predicting osteoporotic fracture among postmenopause osteoporosis women [9] . Lin et al. found ANN algorism could reliably predict the mortality of hip fractured patients and outperforms the logistic regression method [10] . The ANN, consisting of a set of highly interconnected processing units (neurons) tied together with weighted connections, includes an input layer, one or more hidden layers, and an output layer. The input layer comprises the data available for the analysis, and the output layer comprises the outcome. The ANN is trained on the basis of training data to correlate the input with the corresponding output over repeated training epochs to reduce the overall error. The stimulus of the input is propagated forward through each neuron layer until the output is produced. Then the ANN output is compared to the observed output, and an error signal is calculated. This error signal is then transmitted backwards across the neuron layers and the connection weights are updated to reduce the overall error. This refers to the multiplayer perceptron ANN model with feedforward backpropagation training and this process is supervised by a group of validation data, which are not used in the training process, and is terminated when the validation error reaches its minimum. ANN models derived from this training process are applied to other new datasets not used for training and validation.
In the present age-and sex-matched case control study, we identified important risk factors for hip fractures and the results were further used to build hip fracture prediction models with CLR or ANN methods. Based on a fair comparison with the same dependent variables and analytical processes, we hypothesized that ANN with a more nonlinear approach outperforms CLR in both discrimination and calibration.
Methods

Participants
The inclusion criteria were non-institutionalized patients over 60 years of age who had first-time, low-energy hip fractures, defined as fractures of the proximal femur caused by injuries equal to or less than a fall at standing height. Patients with previous hip lesions or surgeries were excluded. The study was approved by institute review board of National Taiwan University Hospital. Between April 2004 and January 2006, a total of 366 patients older than 60 years were admitted to our institute under the diagnosis of hip fractures. Among them, 115 cases were excluded for the following reasons: previous hip fractures or surgeries (76), fractures not caused by low-energy trauma (25) , fractures in institutionalized patients (13) , and the fracture treated without surgery (1) . Of the 251 patients who met the inclusion criteria, 217 patients (149 women and 68 men) gave written informed consent and were enrolled in the current study. All patients were interviewed under stable conditions after their surgeries. The median time for completing the interview was 6 days after the fracture.
Hospital controls were simultaneously selected from patients of the Department of Family Medicine at the same hospital with the diagnosis of diseases or injuries unrelated to bone and without any history of hip fractures. The control group was individually matched to cases by age (within 4 to 6 years) and sex. Informed consents were obtained from all the participants.
Data measurements
Selection of the risk variables was based on the results of previous studies and other potential causes of hip fracture in an older population. Both cases and controls were interviewed by trained interviewers with the same standardized questionnaire including questions on 66 variables in 12 categories: 1) socio-demography (six variables: ethnicity, education, occupation, marriage, income, and living arrangement); 2) disease history (14 variables: hypertension, diabetes, stroke, heart disease, chronic respiratory disease, arthritis, osteoporosis, liver disease, cancer, cataract, Parkinson's disease, constipation, weakness, and headache or migraine); 3) self-assessed health (three variables: current, comparison with 1 year ago, and comparison with same-aged people); 4) anthropometry (three variables: height, weight, BMI); 5) health habits (three variables: smoking, alcohol consumption, and regular exercise); 6) diet habits and medicine (15 variables: vegetarian diet, intake of milk, coffee, tea, calcium, vitamin, glucosamine, or anti-hypertensive, other cardiovascular, analgesic, anti-diabetic, psychotropic, gastrointestinal, and other drugs, and multiple medications); 7) injury-related experience (four variables: history of fallinduced fractures, fracture location, significant fall at home in the past year, and history of fall outdoors); 8) environmental hazards (seven variables: building type, multistory dwelling, number of stairs in a flight, stair height, stair lighting, outdoor lighting, and green light duration near their home); 9) physical functions (four variables: Activities of daily living (ADL) difficulty; Instrumental ADL (IADL) difficulty, walking difficulty, and pain at walking); 10) cognitive and other functioning (five variables: urinary incontinence, fecal incontinence, vision, hearing, and Mini-Mental State Examination (MMSE) score); 11) coordination function; and 12) total BMD. Height and weight were measured using electronic scales for BMI calculation. The physical functions were measured by questions on the level of difficulty in performing five ADL (eating, bathing, dressing, transferring, toileting), six IADL (using the telephone, managing medications, preparing meals, maintaining the home, shopping, managing finances), and walking. Cognitive function was measured with the MMSE. The coordination function was measured by finger-to-nose test which was conducted by asking the participants to use their finger to alternately touch their own nose and the interviewers' finger as quickly as possible. BMD (T-score) was examined at the non-fractured side of proximal femur for cases and the same side for matched controls by using the same machine of dual-energy x-ray absorptiometry (DEXA) (Model: QDR4500A; Hologic, Waltham, MA), and read by the same radiologist. The reliability of interview and measurement results among the interviewers was checked by intraclass correlation coefficient (ICC), which showed moderate to high agreement.
Data processing and risk factor selection
The data were analyzed with conditional logistic regression to produce odds ratios and 95% confidence intervals using statistic software of SPSS COXREG 17.0 (SPSS Inc., Chicago, IL). Univariate analysis was initially conducted to examine the unadjusted association of all potential risk factors with hip fracture. Continuous variables including monthly income, body weight, height, leisure-time physical activity, MMSE score, peak expiratory flow rate, average hand grip strength, and total BMD value were all categorized into two groups according to the cut-off point selected by the Youden index in the receiving operating characteristic (ROC) curves. A "Missing" category was created for BMD with missing data. Significant variables with p < 0.1 in univariate analyses were then tested by multivariate analyses with the forward stepwise approach, with the p value set at 0.05 for entry and 0.1 for removal. Categorical variables were contrasted with reference to the other category. All statistical tests performed were 2-tailed, and the final significance level was set at 0.05.
The significant variables in univariate and multivariate analyses were used to compute the individual fracture risk with either CLR or ANN. The dependent variable, hip fracture, was a dichotomous variable (Yes = 1; No = 0). All predictors were binary variables, coded with 0 or 1 (missing = 2).
Participant partition
To assess the generalization, three way data split method [11] (Figure 1 ) was used for construction of prediction models and internal cross validation. The 217 matched pairs were randomly divided into two separate groups for 10-fold cross validation analyses: 195-197 pairs (about 9/10 of the enrolled patients) as the modeling datasets and 20-22 pairs (about 1/10) as the testing datasets. The modeling group was used to build CLR and ANN models. The testing group was set aside for later tests for generalization.
Conditional logistic regression model
In CLR analyses, the regression equations were derived from the significant variables in univariate and multivariate analyses in the modeling datasets. Risk scores calculated by regression equations as the summation of the products of the included independent variables and the regression coefficients of the variables were used to assess hip fracture risk [12] . The regression equations were then applied to the subjects in testing datasets for generalization analyses.
Artificial neural network model
In ANN analyses, the participants in each modeling dataset were further randomly divided into two subsets: 9/10 as the training subsets and 1/10 as the validation subsets also based on the principle of 10-fold cross validation. This procedure was performed twice, and thus 20 groups of training and validation subsets were obtained for ensemble analyses. In the training subsets, feed-forward back-propagation neural networks consisted an input layer, hidden layers, and an output layer, were constructed. A scaled conjugate-gradient algorithm [13] was used as a supervised learning algorithm to train the network. It adjusted the internal weights and biases of the network according to the second-order gradient information over repeated training epochs to reduce the overall error. One epoch consisted of a single presentation of each set of inputs followed by automatic adjustments of the weight connections to minimize the total error for all data that were used in the training. The estimation of error was based on the mean-squared error. The parameter, which determined the change in the weight for the second derivative approximation (σ), was set to 5×10 -5 . The parameter, which regulated the indefiniteness of the Hessian (λ), was set to 5×10 -7 . A logistic transformation of the weighted inputs to the output node was applied to determine the overall output of the network, which would range from 0 to 1. The training was terminated if the error in the validation subsets stopped dropping or, indeed, started to rise (early stopping). The number of hidden neurons was determined according to the test running on 5 to 25. In each group of training and validation subsets, 15 sets of different initial weights were analyzed, and the networks with the lowest validation errors were selected. Thus we got 20 networks after the twice 10-fold cross validation training and validating each time and these 20 networks were combined to generate the ensemble models by simple average of the outputs. These ensemble models were applied to the testing datasets. The variables used in ANN analyses were the same as those in CLR analyses. The ANN analyses were run by Neural Network Toolbox in MATLAB 7.8 (R2009a, MathWorks, Natick, MA).
Comparison of performance of models
In both modeling and testing datasets, the validity was checked by discrimination, and the reliability was checked by calibration (goodness of fit [14] ). The discriminatory power of the models was assessed using the area under the ROC curves (AUROC). Discrimination refers to the ability to distinguish positive from negative cases. A good discriminating model in the present study would assign a higher risk score to hip fracture cases. Sensitivity, specificity, and accuracy were calculated in modeling and testing datasets according to the cut-off points selected by the Youden index on ROC curves. The calibration power of the models was compared using Hosmer-Lemeshow (HL) statistics [15] . The HL statistic is a single summary measure of the calibration and is based on comparing the observed and estimated fractured cases. The smaller the HL statistic is, the better the fit, with a perfectly calibrated model having a value of zero. Meanwhile, calibration curves based on the deciles from the data calculated using observed and expected values were built. The relationship between the observed and expected values was evaluated by ICC. The performance of classifiers, including discrimination, calibration and other measures of accuracy, sensitivity and specificity on the 10 pairs of ANN and CLR datasets, was compared using Wilcoxon signedrank tests (p < 0.05).
Results
Of the 149 pairs of women and 68 pairs of men, the average age was 80.7 ± 7.8 (mean ± standard deviation) years for women and 80 ± 7.4 years for men in the fracture group and 77.8 ± 6.8 years for women and 78.4 ± 7.9 years for men in the control group. In univariate analyses among the 66 variables, 16 variables achieved significant level (Table 1) . Milk intake meant milk consumption at least six times a week. Walking difficulty meant inability to walk or walking with assistance of crutches or walkers. Significant fall at home meant major fall at home more than once in the past year. Low Figure 1 The flowchart of data partition, neural network creation and generalization analyses by cross validation.
education level meant lower than junior middle school. Current smoking meant a smoking habit of more than half of a pack per day. Fecal incontinence meant experience of uncontrolled stool passage. Vision impairment was recorded according to patients' subjective feeling of impaired vision during walking. ADL difficulty meant impairment of at least two of the five activities. IADL difficulty meant impairment of at least two of the six activities. Regular exercise meant exercise habit at least four times per week. Coordination abnormality meant under or over shooting of a target and impaired timing or integration of muscle activity during finger-to-nose examination. In multivariate analyses, six variables remained statistically significant (Table 1) . BMD was the most important factor causing hip fractures with the highest odds ratio and statistical significance. The average T-score was much lower in hip fracture patients than that in controls, -2.58 ± 1.06 vs. -1.85 ± 1.3. It was also lower in women than in men (−2.8 ± 1.02 vs. -1.9 ± 0.92 for fractured patients and −1.6 ± 1.18 vs. -0.6 ± 0.93 for controls). Here we chose BMD alone to access its prediction ability for hip fractures with CLR analyses in order to compare its combined effects with other risk factors.
The neural network with eight hidden neurons was selected in the training process. For discrimination in modeling datasets, ANN was significantly higher than CLR in AUROC and accuracy in 16-and 6-variable models (Table 2) (Figure 2 ). The sensitivity was not significantly different in the two models. For specificity, ANN was significantly higher than CLR only in the 16-variable model. In testing datasets ANN was significantly higher than CLR in AUROC and accuracy in the 16-and 6-variable models. There was no significant difference for sensitivity and specificity. In some datasets, AUROC and accuracy were very close between ANN and CLR, e.g., testing datasets 3 (0.865 vs. 0.863) and 4 (0.807 vs. 0.801) in 6-variable models. The accuracy of CLR was even higher than that of ANN in testing dataset 6 (0.698 vs. 0.651) and 7 (0.698 vs. 0.697) in 6-variable models. As for calibration in modeling datasets, ANN had significantly lower HL Chi-squares and was more calibrated than CLR in 16-variable models (Table 3 ) (Figure 3 ). There was no significant difference in 6-variable models. ICCs were not significantly different in the two models. In testing datasets, ANN was more calibrated than CLR with significantly lower HL chi-squares and higher ICCs in 16-variable models. In 6-variable models, HL chisquares were not significantly different, but ANN still had significantly higher ICCs (Figure 4) .
For using BMD alone to assess the fracture risk by CLR in modeling datasets, the AUROC and HL chisquare were 0.723 ± 0.01 and 17.21 ± 4.523, respectively. In testing datasets, the AUROC and HL chi-square were 0.702 ± 0.056 and 12.86 ± 5.214. The discrimination and calibration of the model of BMD alone was lower than the model created by BMD and other risk factors in CLR model ( Table 2, Table 3 ). 
Discussion
In the present study, univariate CLR analysis identified 16 significant factors, including low T-score, walking difficulty, low BMI, low MMSE score, low milk intake, significant fall at home, low education, smoking habit, fractures experienced after age 55 years, fecal incontinence, vision impairment, presence of major diseases, ADL difficulty, IADL difficulty, no regular exercise, and coordination abnormality. The first six factors remained statistically significant in stepwise multivariate analysis, with low T-score being the most important one among them. In comparison of ANN and CLR for fracture risk assessment, ANN provided statistically higher discrimination and calibration power in the modeling and testing datasets in cross validation analyses.
In the literature, various clinical risk factors have been reported for hip fractures [4] , but their combined effects for fracture prediction varies. The present matched case control study investigated most of the different kinds of potential personal and environmental risk factors. The 16 significant factors left in univariate analysis were mostly personal and modifiable. This outcome supports the finding that at-home falls of old people are mainly due to impaired general health, rather than external hazards [16] , and emphasizes the importance of improving bone strength and general health for fracture prevention. It has been reported that milk supplement can increase the bone density in Chinese women [17, 18] and low milk intake could lead to high fracture risk in our study. Low milk intake might also account for low education level which was associated with high fracture risk [19] . Walking difficulty and low MMSE could account for vision impairment, poor coordination, low ADL and IADL. Low BMD, the most significant variables in our analyses, could account for smoking habit, associated diseases, lacking of exercise, fecal incontinence and previous fractures. BMD measurement is an important tool for assessing osteoporosis. It can be used for diagnosis, monitoring of treatment, and fracture risk prediction. Hip fracture risk increased by 3.7 times per SD decrease in femoral neck BMD at the age of 50 years [20] . The present study supports the finding that combining BMD and clinical risk factors can further improve the predictability of hip fracture and emphasize the multidirectional approach for patient at risks.
Logistic regression and ANN are currently the most widely used models for diagnosis and prognosis studies in biomedicine. Logistic regression has the advantages of high interpretability of model parameters and ease of use, but the use of linear combinations of variables is not suitable for modeling highly nonlinear complex interactions as is demonstrated in biologic and epidemiologic systems [21] . ANN with its resemblance to the human brain is appealing because of flexible nonlinear systems that show robust performance in dealing with noisy, incomplete or missing data and have the ability to generalize. They may be better at predicting outcomes when the relationships between the variables are multidimensional as found in complex biological systems. The ANN model allows inclusion of a large number of variables and there are not many assumptions (such as normality) that need to be verified. However, the comparative performance of these two methods has been widely reported with great controversy in the literature. In a review of 28 major studies carried out by Sargent [22] , the performance was superior for ANN in 10 studies (36%), was superior for logistic regression in 4 cases (14%), and was similar in the remaining 14 cases. In another review of 72 papers conducted by Dreiseitl and Ohno-Machado [15] , with statistical tests, both models performed similarly in 42%, ANN better in 18%, and logistic regression better in 1%. By contrast, without statistical tests, ANN was better in 33% and logistic regression better in 6%. The authors also surveyed the quality of the methodology and found a shortage of reporting ANN model building details in 49%, lack of statistical testing in 39%, and lack of calibration information in 75%. ANN is theoretically more flexible than logistic regression because of multi-layer networks, but on the other hand, it is threatened by over-fitting and instability [23] . Especially, there are still no set methods for constructing ANN models [23] , which may lead to the wide variation in the comparative results.
Over-fitting ANN model which are trained too closely on limited available data would lose its generalization. The network with generalization could offer reasonable outputs in new unseen data. A commonly used method to improve generalization in data-mining is a three-way data split with cross validation [11] as in the present study. The modeling datasets were split into training and validation subsets. The error on the validation subset was monitored during training epoch and once the error had increased, the training was stopped (early stopping). The network with lowest validation errors was chose. This generalization property may obtain good output data without training on all possible available datasets. Another practical problem is ANN instability [23] which means that changes in the training data may produce very different models and consequently different performance on unseen data. The instability is caused by training getting caught in different local minima in the error surface. This instability problem can be fixed by building ANN ensembles and aggregating the results of the networks [24] . The aggregated outputs with diversified individual networks will have lower variance and smaller bias than a single network. Furthermore, the 10-fold cross splitting method used for building the ANN ensembles could ensure each datum was equally used for both training and validation. The present study showed that ANN significantly outperformed CLR in terms of discrimination and calibration in both 16-and 6-variable models. However, it may lead to biased superior performance in ANN training or validation subsets when compared with CLR models. Thus, we used the cross validation testing datasets for ANN and CLR generalization comparison. Besides, as shown in the Table 2 , comparison of discrimination on a single testing dataset might lead to no significant difference or even higher accuracy in CLR. This might explain the high inconsistency in the comparisons of these two classifiers reported in the literature, especially if statistical testing was not performed [15, 25] . In the present study, nonparametric tests for paired samples in 10 cross validation groups could detect the significant difference between the two classifiers in datasets with varied patterns.
Sensitivity, specificity and accuracy determined according to a pre-specified cutoff point are also commonly used for comparing the performance of the classifiers [15] . Actually, the risk score computed by the classifiers may be affected by the disease prevalence; thus selection of the cutoff points is important for a fair comparison. In the present study, the Youden index defined by the point with the minimum of the summation of the false positive and false negative rates in the ROC curve best differentiates between subjects with disease and those without disease when equal weight is given to sensitivity and specificity. Using the Youden index as the cut-off point can be independent from the disease prevalence and makes the predicting models more applicable to different series of patients [26] . It has been reported that the use of a cut-off point arbitrarily determined at a risk score equal to 0.5 might lead to biased results and unfair comparisons [27] .
The present study had limitations. First, as a matched case control study, age and sex were not included in the predictive models. This exclusion might lower the performance of the classifiers. Second, some clinical risk factors were not included, such as the geometry of the proximal femurs or maternal history of hip fractures, because the former is not a routine examination for the elderly and the latter might be subject to information or reporting bias. Third, all the continuous variables were converted to binary variables with a cut-off point of the Youden index. This method could maximize the difference between cases and controls and make the comparison more fair and clinical application easier. However, some important information might be lost if the distribution of the variables was complex [28] . Fourth, it was not fair for CLR if the interaction terms or quadratic functions were not included. However, these interaction terms were not routinely examined in conventional analyses. Besides, no significant interaction between the input variables was found in the present study. Fifth, participant partition using 10-fold cross validation method in the present study might result in a sample size too small for validation and testing and increase the variance [25] . Besides, this sample size was also not enough for a standard HL analysis, which required at least 400 cases [29] . Bootstrap resampling method might be another option to improve the efficiency of validation. Last, although considerable efforts, through many trial-and-errors, were made to optimize the design of the neural networks, they still could be further improved in model topology or ensemble method [22] .
Conclusions
The hip fracture risk in the elderly can be effectively assessed by neural networks and logistic regression analyses. The risk factors identified in the present study are more personal than environmental. Combining BMD and clinical risk factors can predict the fracture risk better than BMD alone. With adequate model construction and comparison, ANN may outperform CLR in both discrimination and calibration. However, ANN seems have not been developed to its full potential. More studies to further improve its performance are warranted. The models created in this study still need to be validated externally. 
